Gene regulatory networks (GRNs) describe interactions between gene products and transcription factors that control gene expression. In combination with reaction-diffusion models, GRNs have enhanced comprehension of biological pattern formation. However, although it is well known that biological systems exploit an interplay of genetic and physical mechanisms, instructive factors such as transmembrane potential (V mem ) have not been integrated into full GRN models. Here we extend regulatory networks to include bioelectric signalling, developing a novel synthesis: the bioelectricity-integrated gene and reaction (BIGR) network. Using in silico simulations, we highlight the capacity for V mem to alter steady-state concentrations of key signalling molecules inside and out of cells. We characterize fundamental feedbacks where V mem both controls, and is in turn regulated by, biochemical signals and thereby demonstrate V mem homeostatic control, V mem memory and V mem controlled state switching. BIGR networks demonstrating hysteresis are identified as a mechanisms through which more complex patterns of stable V mem spots and stripes, along with correlated concentration patterns, can spontaneously emerge. As further proof of principle, we present and analyse a BIGR network model that mechanistically explains key aspects of the remarkable regenerative powers of creatures such as planarian flatworms. The functional properties of BIGR networks generate the first testable, quantitative hypotheses for biophysical mechanisms underlying the stability and adaptive regulation of anatomical bioelectric pattern.
Introduction
Large-scale biological patterning in development, regeneration and disease remains among the most fundamental and important questions facing modern biology. Metazoan organisms reliably self-assemble a complex body plan from a single fertilized egg cell; furthermore, many animals, such as salamanders and planaria, are able to repair or remodel their bodies back to the correct shape despite injury and other types of drastic perturbation such as limb amputation [1, 2] . Understanding the mechanisms that control the formation and regulation of organism-scale biological patterns may allow us to mitigate birth defects, implement organ regeneration strategies and to prevent, heal or even reprogramme the cancer state [3] . It is crucial to begin to understand and exploit the multicellular algorithms and dynamics that control anatomy and its remodelling, in addition to the details of subcellular signalling pathways.
Biological pattern formation is highly complex, involving numerous biomolecular mechanisms that lead to formation of instructive chemical patterns in a tissue collective, as well as mechanical considerations concerning shape changes and movements of individual cells and the tissue substratum as a whole. From the chemical patterning perspective pioneered by Turing [4] and Wolpert [5] (among others [6] [7] [8] ), individual cells produce a variety of substances which may: (i) have the capacity to influence the production of other substances via genetic expression & 2017 The Author(s) Published by the Royal Society. All rights reserved.
or chemical reactions, (ii) travel through the cellular collective via diffusive transport, thereby generating patterns of spatial concentration, and (iii) ultimately lead to changes in the gene expression profile of a cell, thereby serving to establish cell identity and other subsequent cell behaviours. A core concept in chemical patterning is that of positional information [7, 9] , whereby the dynamics of the complete tissue system establish positional information as spatial patterns of an instructive signal, such as a concentration gradient of a morphogenic substance, which cells 'interpret' in order to determine their position in space and 'decide' on an outcome appropriate for generation of a specific final body plan.
Gene regulatory networks (GRNs) help supply mechanistic details to more precisely define how cells can interpret chemical signals, and how this in turn establishes cell fate outcomes. GRN models describe a collection of biomolecular agents that interact with one another in activation or inhibition relationships to ultimately control the expression profile of genes in a cell [10] . As a cell's profile of genetic expression is a primary defining feature of the cell's phenotype, GRNs maintain an effective description of cell status, with the ability to predict and determine cell fate under various circumstances. By assembling and synthesizing well-supported equations that describe physical processes such as diffusion, continuous mathematical models of GRN dynamics predict how gene regulatory substances diffuse through the cell network and represent one mechanism involved in the generation and evolution of biomolecular positional information as a function of time and space. Importantly, these models provide a clear and reasonable connection between the patterned concentration of a substance and the pattern of cell fate outcomes. Indeed, GRNs have been used to successfully describe aspects of pattern formation during morphogenesis [11] [12] [13] [14] and regeneration [15] . However, published GRNs are commonly composed of (i) nodes that are exclusively gene products, RNAs, proteins or other regulators and (ii) edge relationships (connecting lines or arrows) describing activation or inhibition interactions between nodes. In vivo, however, other types of chemical reactions, particularly those of metabolism, are well known to affect gene expression and other factors influencing physiological status [6, 16, 17] . Therefore, a heterogeneous network structure involving gene and reaction products, as well as chemical reactions between nodes, can be defined [18] ; this suggests an integration that bridges the gap between GRNs and reaction-diffusion (RD) schemes [7] and enables thinking in terms of general regulatory networks. Understanding the spatial dynamics of such networks in the context of establishing or remodelling complex anatomical structures, as well as integrating with the physics known to be involved in morphogenesis, is a key challenge for biomedicine as well as basic evolutionary developmental biology.
While chemical and mechanical perspectives greatly assist our understanding of biological patterning, a wide array of experimental studies performed over the last century have uncovered bioelectric signals (ion-flux dependent phenomena, such as trans-membrane potential (V mem ) [19] ) as another crucial instructive factor [20] [21] [22] [23] [24] [25] . For example, it has long been known that application of external electric fields can switch the polarity of head/tail regeneration in planarian fragments [26, 27] and hydra [25] . While classical data in this field used applied fields delivered via electrodes, the recent decade has seen the development of novel molecular tools for manipulating resting potential of cells in vivo. Techniques include ion-channel gene misexpression and knockdown, optogenetics, and pharmacological reagents [28] [29] [30] [31] [32] . Endogenous bioelectric signalling ultimately arises from V mem , an electrical property exhibited by all living cells, which has physiological outcomes from the scale of genetic expression to the development of whole organs [22, 33, 34] . In single cells, V mem influences key behaviours such as the proliferation, migration and differentiation of somatic, stem and cancer cell state [35] [36] [37] . On the larger scale, networks of cells (of all types, not just neurons) communicate via endogenous dynamics of spatio-temporally distributed V mem to form circuits that regulate organ-level patterning [38] [39] [40] [41] . Endogenous bioelectric signalling has been shown to be involved in the regulation of brain size, appendage length, head shape and axial patterning of the entire body [33, [42] [43] [44] [45] [46] [47] . Moreover, experimental manipulation of endogenous V mem gradients in Xenopus has induced the formation of complete eyes in posterior locations even including the gut [48] , triggered regeneration of entire appendages including limbs and spinal cord [49, 50] , and normalized tumours [51, 52] . Recent studies have identified the endogenous ion channels and pumps responsible for specific patterning functions of V mem , and uncovered several mechanisms by which V mem changes are transduced into second messenger cascades that initiate highly conserved transcriptional and chromatin changes downstream of bioelectric signalling [53] . The development of molecular-level tools for manipulating bioelectrical signalling and mechanistically tracking its intracellular targets is proceeding rapidly [33, [54] [55] [56] ; however, two main knowledge gaps face the field. First, there is little understanding of the large-scale spatio-temporal dynamics of somatic bioelectrical networks, and it remains largely unclear how developmental bioelectricity is involved in the storage and process of spatial information that guides the pattern homeostasis observed in regulative development and regeneration. Specifically, multicellular bioelectric circuits have the potential for complex and non-obvious behaviour making quantitative modelling essential in order to predict behaviour and rationally design intervention strategies that manipulate V mem towards states that induce desired downstream changes in growth and form. Second, while it is widely recognized that a true picture of patterning must include both genetic and biophysical control systems, there has been no integration of GRN models with this important aspects of biophysics. For example, recent models of planarian regeneration have been proposed in terms of GRNs [57] [58] [59] [60] [61] or RD models [62, 63] and evidence has been collected for an instructive patterning role of bioelectricity [38, 42, 64] ; however, no models exist which integrate the known genetic and bioelectric data into a comprehensive picture.
Our work, therefore, seeks to overcome several main barriers to progress. We sought to provide, and illustrate the use of, a hybrid modelling environment allowing more realistic models to be formulated, which include both the genetics and the physiology. We describe here a substantial extension of our recent work in which we presented the first simulation environment for studying spatialized developmental bioelectricity [65] . Specifically, we examined the different ways that V mem can interact with, and direct outcomes in, heterogeneous networks that blend conventional GRNs with bioelectric signals. We focus on mechanisms besides the obvious impact that general gene expression can have on the presence of proteinaceous ion pumps and channels in a cell-an interesting topic that has been recently modelled in a single gene-V mem interaction loop by Cervera et al. [66] . We began by examining the ways that V mem can influence steady-state levels of important signalling molecules in cells. We then identified the specific functional network moieties involved by introducing V mem signals to regulatory networks and examining their specific functions as meta-structures of regulatory networks, analogous to components of an electrical circuit board. Finally, we examined the potential influence of V mem signals in a cell network by modelling sheets of cells coupled by the electrical synapses known as gap junctions (GJs), demonstrating how positional information profiles are fundamentally different when V mem is considered. To effectively explore the role of V mem in biological pattern control, we focus on two different kinds of network-based dynamic systems: (i) mixed regulatory signal networks, referred to as Bioelectricity-Integrated Gene and Reaction (BIGR) networks, which arise in single cells and wherein the network nodes may be a diverse array of entities such as the concentration of expressed gene products or enzymes (as in conventional GRNs), transmembrane voltage V mem , or ion channel states and (ii) spatial networks comprised of coupled biological cells, wherein each cell internally supports a BIGR network. The nodes of the spatial network are cells and the intercellular coupling occurs via electrodiffusive transport of charged substances via GJs [67] . As proof of principle, we use a simple model of an axially regenerating animal (e.g. planaria) as a focus point to illustrate combined features of BIGR and cell networks, and to highlight unique roles of bioelectrical signalling in pattern formation and regulation. Importantly, it is not currently known what the functional capabilities of bioelectric signals are, especially when coupled with GRNs. This analysis of BIGR dynamics reveals for the first time key basic properties of such hybrid networks, facilitating their modelling via our new platform. Our goal is to lower the barrier for researchers working on pattern regulation to formulate testable, quantitative, generative models to explain developmental/regenerative data, and to help design strategies for biomedical and bioengineering contexts.
Material and methods

Bioelectric modelling
Bioelectrical modelling used the BioElectric Tissue Simulation Engine (BETSE), a finite-volume-based simulator specially designed to study bioelectrical dynamics [65] . In this work, we extend the BETSE simulator to incorporate user-defined regulatory networks that may include factors such as gene products, chemical reactions, ions (some of which, such as Ca 2þ , may be key secondary messengers), ion pumps and transporters, and ion channels into an integrated dynamic system. BETSE software and associated documentation are available from https://ase.tufts.edu/biology/ labs/levin/resources/software.htm
The core BETSE algorithm handles bioelectric signalling by calculating all components of ion flux across membrane segments of a cell, calculating divergence of net flux across membranes to update concentrations in cells, calculating ion currents and charge in terms of net flux and concentration of ions in cells, and determining V mem in terms of ion current and charge. All simulations included the ions Na
, H þ , and non-membrane permeable anionic proteins modelled as P
2
. Concentrations of ions (and all BIGR network substances) were defined in both intracellular and extracellular regions, with initial concentrations in both regions supplied by the user. All cells of all multicellular models presented herein are coupled via GJs, which connect adjacent membranes of all neighbouring cells. Details are described in [65] , where other essential equations and updates are detailed below and details outlined in the electronic supplementary material, S1.
The fundamental elements and aspects of bioelectric phenomena are reviewed in figure 1. ATP-powered ion pumps such as the ubiquitous sodium-potassium adenosine triphosphatase ion pump (Na þ /K þ -ATPase), which moves 3Na þ from cell to extracellular space and 2K
þ from extracellular space to the cytosol for each ATP molecule that is hydrolysed (figure 1a), are instrumental in creating electrochemical gradients of Na þ and K þ across the membrane. In most metazoan cell types, the Na þ electrochemical gradient created by Na þ /K þ -ATPase activity favours movement of Na þ into cells, and therefore, depolarization of V mem with increased membrane permeability to Na þ ions (P mem Na), whereas the K þ electrochemical gradient favours movement of K þ out of cells, and therefore, hyperpolarization of V mem , with increased membrane permeability to K þ ions (P mem K). Transmembrane voltage (V mem ) ultimately arises from net ion charge density across the membrane, where the membrane acts as a capacitor (figure 1b). V mem was calculated from an initial state of 0.0 and zero net charge in cells using the net ion current density across the membrane (J mem ) in proportion to the patch capacitance of the membrane (C mem ¼ 0.05 F m
22
), via the simple expression relating the change in voltage across a capacitor to the current density:
The net current across the membrane, J mem , was described by the sum of total transmembrane ion fluxes, F tot i , for each ion, i:
where F is Faraday's constant (96 485 C mol 21 ) and z i is the charge of the ion.
In turn, the total transmembrane flux of an ion could have contributions from possible ion pump/transporter activity ( 
ð2:3Þ
Passive base transmembrane flux of an ion, i, was calculated using the GHK flux equation: channel gating used was
For antagonists, the expression used to modulate the channel permeability was
Notably, cationic substances blocking ion channels have shown V mem -sensitivity in their gating, due to changes in the intensity of channel pore blocking as a function of V mem , which allows the channel state to be regulated by V mem as well as the concentration of the gating ligand [68] [69] [70] [71] [72] [73] [74] . This voltage-sensitivity of ligand gating was modelled using a V mem -dependent K 1/2 value for the channel gating, as described in [68, 74] . For example, a channel blocked in a voltage-sensitive manner by a substance with effective charge at the membrane of z eff i , and blocking the channel from the cytosolic side of the membrane, would have the K 1/2 value for channel block described by
ð2:8Þ
A voltage-sensitive Mg 2þ block was used to model the behaviour of the Kir2.1 channel [68] and ATP-sensitive Kir (ATP-Kir, Kir6.1 or Kir6.2) channel models [74] , with further information given in the electronic supplementary material, S1.
Other ion channels with open/closed state that are altered by V mem (figure 1e) use Hodgkin-Huxley differential equations to modulate the value of channel P chan i in response to V mem . Here we use a model for the voltage sensitive calcium channel (Ca V 1.2) developed by Avery et al. [75] and a model for a delayed-rectifier K V 1.5 developed by Philipson et al. [76] .
GJs are channels that bridge the cytoplasm of two cells, enabling the passage of chemical and electrical signals (figure 1f ). Ion flux through GJs was modelled using the Nernst-Planck equation:
where b gj is the voltage-sensitivity scaling parameter (modelled as described in [77] ), D gj i is the effective diffusion constant of the ion through GJs, rc gj is the concentration gradient of the ion across the GJ, rV gj is the difference in V mem across the two GJ coupled cells, q ¼ 1.6 Â 10 219 C is the unit charge constant and k b is Boltzmann's constant.
In general, the equilibrium or 'resting' V mem can be estimated in terms of ion concentration and membrane permeabilities using the Goldman equation [78] .
Transport of chemical substances in the extracellular spaces and global environment was similarly calculated using 
ð2:10Þ
The total change in concentration in a single cell from transmembrane passage was calculated by taking the divergence of all components of flux:
Bioelectricity-integrated gene and reaction networks definition
We extended the BETSE platform described in [65] to include BIGR network capabilities, where regulatory networks were automatically constructed by the software from user-specified input data using mathematical template equations to assemble differential equations describing activator/inhibitor relationships, rate equations for substance production and decay (simulating gene expression), rate equations for chemical reactions between substances of the network, and equations describing transmembrane pump, transporter and ion channel flux. All substances in a BIGR network model have concentration defined in both the intracellular space and the extracellular environment. Details regarding environmental handling of concentrations between the intra-and extracellular environments are described in [65] . Basic terminology of BIGR networks and a description of test simulations used to understand key characteristics of a BIGR network are detailed in figure 2. Different elements (e.g. ion channels, pumps, reactions) of a BIGR network are denoted by node shapes of different form and colour, while the various relationships between elements (e.g. activation/inhibition) are indicated by directed line segments with different features (figure 2a). The following outlines the theory used to define general elements and relationships of BIGR networks.
Activation and inhibition
BIGR network models allowed the concentration of any substance to serve an activation or inhibition role over a model construct, where constructs may be: the growth rate of a gene product, the rate of an enzymatic reaction or transporter, the diffusion constant of an ion channel or the permeability of GJs. The activation/inhibition relationship was calculated in terms of a To study properties of networks such as the one shown in (b), a 'forced cycle' test simulation was designed to create a transient perturbation to V mem by multiplying base Na þ membrane permeability by the function 10 f(t), and by multiplying the base membrane permeability to K þ ions by 10 g(t) (c). The application of the forced cycle simulation to a single cell running the BIGR network shown in (b), generates a time-dependent change in resting V mem of the form shown in (d ). Plotting V mem versus the natural logarithm of f(t)/g(t) generates a 'forced cycle curve' (e). The forced cycle curve depicts potential hysteresis of V mem state via the area of the curve contained by forwards and backwards paths (shaded region of (e)). A separate 'voltage clamp' test was used to explore the activity of single channels in the context of a BIGR network and to connect with standard electrophysiology measurements (f ).
rsif.royalsocietypublishing.org J. R. Soc. Interface 14: 20170425 scalar modulator coefficient. In all network diagrams shown herein, activators are indicated by blue lines with circular endpoints, while inhibitors are shown as red lines with flat endings (figure 2b).
A general substance 'A' with a concentration-dependent activating effect on another element was modelled in terms of a modulating coefficient multiplied to the activity of the response element, a A , which was described by the Hill function:
By contrast, an inhibiting effect was described in terms of a modulating coefficient b A using the Hill function:
Substance growth and decay
Basic growth and decay expressions were used to represent substances synthesized by cells (e.g. neurotransmitters, gene products, enzymes), when they are produced without a prescribed chemical reaction directly involving other nodes of the network-this is a typical feature of continuous GRN models [10] .
In all network diagrams shown herein, nodes with a substance growth and decay relationship are indicated by a standard black arrow beginning and ending on the same node (figure 2b). For example, a hypothetical substance with concentration [A] with growth inhibited by substance 'B', would have a rate of change described by 
Chemical reactions
Chemical reactions representing a mass conversion of network substances into other network substances were handled using rate equations based on fundamental chemical concepts, similar to those outlined in [79] . In all network diagrams shown herein, chemical reactions are indicated by rectangular boxes, where reagents/products flow into/out of the reaction box as indicated by standard black arrows (figure 2b).
As an example, for a hypothetical reaction:
The total reaction rate r reaction is defined in terms of forward and reverse rate coefficients, r f and r r , respectively. An irreversible reaction defines r reaction in terms of r f as
where K A and K B are constants defining the concentrations of [A] or [B] at which the reaction rate is half of its maximum value, and r max is a constant defining the maximum reaction rate. For reversible reactions, a reaction quotient Q was defined as
where concentrations of substances in Q are in units of mol l
21
. The equilibrium constant for the reaction was defined in terms of 4G o , the standard free energy change for the reaction:
The total reversible reaction rate was calculated in terms of both products and reactants with the balance between forward and reverse reaction rates decided by the ratio between Q and K eqm . Using the simple example equation shown above, the reaction rate would be described
Transmembrane ion pumps and transporters
Transmembrane transporters were treated as reactions occurring across membranes, where ion pumps feature an additional chemical reaction (such as ATP hydrolysis) occurring in the cytosol. Ion transporters and pumps differ from chemical reactions as the equilibrium constant of the reaction was altered by the inclusion of new terms depending on the charge of the substances being transported across the membrane, and the magnitude of V mem . Transporter/pump reaction rate constants and reaction quotients were defined as described for cytosolic chemical reactions (equations (2.16) and (2.17)). The equilibrium constant for the general transporter/ion pump was also defined according to equation (2.18) .
The definition for free energy change of a general chemical reaction was taken as [79] 
However, instead of chemical potential, the electrochemical potential of each reactant or product was used, which assumed voltage to be zero outside of the cell, meaning the voltage inside the cell was equivalent to the value of V mem :
ð2:21Þ
Electronic supplementary material, S1, describes models of the specific transporters: sodium -potassium adenosine triphosphatase (Na [80 -83] , sodium-dependent serotonin transporter (SERT) [84, 85] , organic cation transporter (OCT3) [86 -89] and the divalent metal transporter (DMT1) [90 -92] , which are all presented herein. In all network diagrams, transporters are indicated by diamond-shaped boxes, where reagents/products flow into/out of the reaction box as indicated by standard black arrows (figure 2b).
Ion channels
Models of specific ion channels used in this work (KCNK9 and K þ channel [93] , Ca V 1.2 [75] , K V [76] , Kir 2.1 [68] and ATP-Kir/Kir6.1/Kir6.2 [94, 95] ) are described in the electronic supplementary material, S1. In all network diagrams shown herein, ion channels are indicated by pentagon-shaped boxes (figure 2b).
pH handling
While not a focus of this introductory paper, our BETSE modelling system has the capability to model the transport of hydrogen ions and pH in the intra-and exracellular regions. The ability to create user-defined ion pumps, channels and chemical reactions (as described in the sections above) allows for the inclusion of H þ specific:
-ion pumps (e.g. the H þ /K þ -ATPase and plasma membrane V-ATPase ion pumps), -ion channels (e.g. voltage-sensitive H þ channels), -transporters (e.g. the MCT1 lactate/pyruvate transporter), -a pH buffering reaction (e.g. the bicarbonate buffer), and -the production of H þ via a chemical reaction (e.g. a metabolic production reaction).
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Passive electrodiffusion of H þ across GJ, the plasma membrane and bulk regions of cytosol and the extracellular media is handled for any simulation that includes the H þ ion. For the purposes of this introductory paper, we have chosen to focus on other ion channels, pumps and reactions, and therefore, H þ and pH are presently ignored.
2.3. Bioelectricity-integrated gene and reaction network investigation methods
Forced cycle perturbation analysis
To study the properties of BIGR networks such as the one shown in figure 2b, a 'forced cycle' test simulation was designed to create a transient perturbation inducing first a V mem depolarization, and then a V mem hyperpolarization, which finishes with the properties of the system identical to those at the beginning. The forced cycle test simulation uses two pulse functions, f(t) and g(t) of figure 2c, to induce a V mem depolarization by transiently increasing the membrane permeability to Na þ ions by a factor of 10 by multiplying the base membrane permeability by f (t), and to then induce a V mem hyperpolarization by transiently increasing the membrane permeability to K þ ions by a factor of 10 by multiplying the base membrane permeability to K þ ions by g(t) (see implied role of f (t) and g(t) in BIGR network of figure 2b, and their temporal form in figure 2c ). The application of the forced cycle simulation to a single cell running the BIGR network shown in figure 2b generates a time-dependent change in resting V mem of the form shown in figure 2d. Plotting V mem versus the natural logarithm of function f (t)/g(t) generates a 'forced cycle curve' (figure 2e). The forced cycle curve depicts any hysteresis of V mem state via the area of the curve (shaded region of figure 2e), where area represents the degree to which forward and backward trajectories of the system differ from start (t ¼ 0 s) to end (t ¼ 110 s) of the transient perturbation cycle of functions f(t) and g(t) (figure 2e).
Ultimately, the two pulse functions f(t) and g(t) change V mem by slowly and systematically altering the ratio of base membrane permeabilities to Na þ and K þ (P Na mem : P K mem ) as a function of time. We refer to the ratio P Na mem : P K mem as a control parameter, which in vivo or in vitro can be manipulated by modulating the open state of Na þ and K þ channels via a range of pharmacological or optogenetic interventions. This simulation format was chosen to enable visualization of hysteresis loops formed in systems that have memory capabilities, where the area of the hysteresis loop is an indication of the level of memory-forming capacity [96] .
Forced cycle analysis was performed on single-cell simulations, where cells had a nominal diameter of 10 mm.
Voltage clamp
'Voltage clamp' simulations were used to explore the steady-state activity of single channels in the context of a BIGR network, and to connect with electrophysiology measurements (figure 2f). Voltage clamp analyses were performed using single-cell simulations, where cells had a nominal diameter of 10 mm. The voltage clamp curves shown in figure 2f, and the second column of figure 3, were created for different K þ channel models by fixing V mem at a particular value in a range from 2120 mV to þ40 mV in 1 mV intervals for 2 s, and measuring the final current resulting from the K þ ion flux at the end of the 2 s hold period before advancing to the next V mem value in the series. This 'voltage clamp' protocol was chosen to investigate the behaviour of the channel at steady state. For all voltage clamp curves, regions where current is above zero are shaded in blue and indicate where channel activity is hyperpolarizing of V mem , whereas regions where current is below zero are shaded in red and indicate where channel activity is depolarizing of V mem .
As shown in figure 3 , the resulting I-V curves for the K þ leak channel model (based on a KCNK9 or TASK channel) reproduce the expected exponential form seen in experimental voltage clamp I-V curves for this channel class ( fig. 2 of [97] ). Likewise, the I-V curve for the inward-rectifier K þ channels and ATPregulated inward-rectifier K þ channels (based on Kir2.1 and Kir6.1 channel types, respectively) reproduce the expected experimentally observed I-V curves commonly seen in the literature for the inward-rectifier channel class [98] . The I-V curve produced for our above-described voltage clamp simulation of the K V 1.5 model does not correspond to experimental I-V curves reported in the literature ( fig. 8 of [99] ). However, we have determined that the voltage clamp protocol described above reproduces the steadystate I-V relation for the Kv1.5 channel (as described in the electronic supplementary material, S1), and that when a voltage clamp protocol with a duty cycle, as described in McKay & Jennings [99] , is simulated, which pulses between a hold voltage of 280 mV to each voltage in the series and back to the hold voltage, measuring current at the pulsed voltage for 100 ms before returning to the hold voltage for 2 s, our simulator accurately reproduces experimentally observed I-V curves for the K V 1.5 channel (see electronic supplementary material, S1).
Bioelectricity integrated anterior -posterior regeneration polarity control network
While there are many examples of V mem involvement in pattern regulation, the planaria flatworm is an excellent model organism for the appreciation and investigation of bioelectric signalling, and its integration with genetic and biomolecular signalling networks. A central property of planaria and many other organisms is the ability to maintain and restore anatomical polarity and patterning along a major body axis. Indeed, the ability of earthworms to maintain axial patterning was investigated by T. H. Morgan as early as 1904, complete with emphasis placed on its bioelectric aspects [100] . After amputation of head and tail, the remaining portions of many worm species remember the previous orientation of head and tail, and each fragment of the worm regenerates the original head/tail orientation accordingly [101] [102] [103] [104] . While much is known about the cellular mechanisms that are necessary for stem cell control during planaria regeneration, many unanswered questions remain about the mechanisms that ensure robust axial patterning. For instance, while chemical and genetic expression gradients are known to exist in planaria, and can explain the regeneration of head-tail at original locations in a central piece of the worm after amputation [59, 105] , it is much more difficult to describe how, at a single cut-line, two profoundly different outcomes will happen at the anterior and posterior edges of the same cut-line, where cells had the same positional information and yet go on to form radically different anatomical structures when surgically separated. Moreover, the pattern memory of planaria can be edited while maintaining a wild-type genome. For example, double-headed phenotypes can be induced by a range of manipulations, such as the application of an external voltage [26, 27] or via a transient (i.e. 48 h) block of GJ permeability [43, 106] . These perturbations induce permanent changes to the planarian body plan (the target morphology to which fragments regenerate), which are recapitulated in subsequent rounds of amputation and regeneration in plain water with no further manipulation [43] .
In this work, we focus on a highly simplified case of regeneration of a planaria-like animal, as a case study into the role bioelectricity may play in axial patterning control.
Using simple and generic channels and substances, we constructed a BIGR network model (figure 4a) capable of spontaneously generating and regenerating chemical gradients along the long axis of an ellipse (taken to be the anterior-posterior axis of a flatworm), which furthermore demonstrates the expected double-headed (axial mirroring/duplication) phenotype by a transient block to GJ permeability. This planarian polarity control BIGR network model is proposed as a simple, biologically plausible toy model to explore: (i) a role GJ coupling may serve in controlling anterior-posterior polarity control in planaria, by facilitating electrodiffusion of small charged molecules between cells in V mem gradients, (ii) factors leading to emergent V mem , and correlated gene expression patterns, which can regenerate with appropriate polarity upon amputation, and (iii) the ability for V mem to act as an instructive signal in a GRN in a biologically evidenced manner, in this case via control over polar transport. The BIGR network model was run on GJ-coupled multicellular collectives of different sizes to ensure scalability, with the smallest model featuring 487 cells and measuring 400 mm in length, and the largest model containing 1111 cells and measuring 1200 mm in length. Full details (mathematical equations and parameter values) for the planaria polarity control BIGR network model can be found in the electronic supplementary material, S1.
Bioelectricity-integrated emergent V mem patterns network
A manual search of various BIGR network configurations, with the aim of identifying realistic bioelectricity-integrated networks that could generate stable patterns of V mem and correlated concentrations of signalling molecules, found that electrodiffusing charged molecules that directly gate ion channels in a selfreinforcing manner to be a system with clear capability to generate a range of stable patterns. A hypothetical BIGR network capable of generating a wide range of patterns was selected on account of its simplicity (figure 5 
c). (d ) A K
þ channel that is blocked by cytosolic Mg 2þ in a V mem -sensitive manner and is co-regulated by the anionic ATP 42 molecule to approximate a channel such as Kir6.1 or Kir6.2 . The forced cycle curve of the ATP-Kir channel model shows hysteresis, indicating the channel has a memory, such that its present V mem state is influenced by its previous V mem experience (e). Uniform expression of ATP-Kir in cells of a cluster is predicted to dramatically increase the V mem contrast and to alter the form of a slight preexisting V mem pattern (e). Cell cluster simulations contained 487 GJ-coupled cells and measured 250 mm in diameter.
rsif.royalsocietypublishing.org J. R. Soc. Interface 14: 20170425 GJ-coupled multicellular collectives with 882 cells, measuring a length of 400 mm. The BIGR network shown in figure 5a models GJ-mediated intercellular electrodiffusion of an anionic substance 'A' , where 'A' inhibits the activity of a K þ channel (figure 5a). Full details (mathematical equations and parameter values) for the stable bioelectric patterning BIGR network model can be found in the electronic supplementary material, S1.
Results
V mem integrates with regulatory networks by establishing steady-state concentrations
We first sought to establish a basic understanding of how spatial V mem gradients interact with biochemical/genetic Figure 4 . Electrodiffusive transport of charged signalling molecules in GJ-coupled cell networks induces spontaneous formation of instructive V mem gradients, which regenerate with cutting. The BIGR network for the model is shown in (a). Substance 'B' is proposed to be instructive for development of a head in a creature such as planaria (a). The initial state of the whole creature features a fixed anterior -posterior gradient of K þ channel expression, which generates a small fixed V mem gradient along the axis of the worm, but being fixed is not altered by cutting or network dynamics (b). Positive feedback between electrodiffusion of anionic substance 'A' and the V mem depolarizing effect of higher 'A' concentrations via growth of substance 'B', leads to the development of a stable V mem gradient in the initialized state of the whole worm, and regeneration of gradients with the original polarity in each fragment of a worm cut into multiple pieces (c). The electrodiffusive transport of anion 'A' in the V mem gradients of the GJ coupled cell network leads to enhanced concentration of substance 'A' at the anterior of the animal and in each fragment of the cut model (d ), and growth of head-instructive substance 'B' in relation to higher concentration of 'A' (e). Cell cluster simulations contained 497 GJ-coupled cells and measured 400 mm in length. Figure 5 . More complex steady patterns of V mem and concentration are predicted to spontaneously evolve for electrodiffusing charged molecules that directly gate ion channels. The BIGR network shown in (a) involves electrodiffusion of an anionic substance 'A' from areas of hyperpolarized to depolarized V mem , where substance 'A' also inhibits the activity of a K þ channel, generating a positive feedback between substance 'A' and V mem (a). In the BIGR network, a cationic substance 'B' is included to illustrate the spontaneous pattern evolving for a GJ permeable cationic substance electrodiffusing in the cell network (a). The cell cluster features the initial conditions of a very slight concentration gradient of substance 'A', which generates a slight V mem gradient associated with substance 'A' inhibition of the K þ channel, and a uniform concentration of substance 'B' (b). Different values of effective GJ diffusion constants (D gj ) and Hill function describing the K þ channel gating properties (K 1/2 ) were found to spontaneously evolve into different, stable patterns of stripes and spots (c,d (table 1) , and as ion channels control V mem states, as will be discussed in the following, charged regulatory substances present numerous opportunities to participate in feedback loops between V mem and substance concentration. There are several mechanisms through which V mem may influence the steady-state concentration profile of substances in the intra-and extracellular spaces (independent of genetic expression and chemical reactions). Firstly, all charged substances with finite membrane permeability are predicted to have steady-state concentration profiles that are significantly and directly established in relation to V mem (figure 6a). This outcome can be derived by determining the steady-state solution of the GHK flux equation (equation (2.4) ), which is a rearrangement of the well-known Nernst equation [78] , and is independent of the absolute value of the substance's transmembrane permeability: Table 1 . A summary of commonly occurring charged substances with known relationships to resting V mem via their direct regulation of ion channels with ion leak characteristics. These substances may generate positive or negative feedback loops with respect to V mem , and are therefore candidates for various functional network modalities including memory and homeostasis loops. 5HT3R, ionotropic serotonin receptor 3; 5HT2R, metabotropic serotonin receptor 2; nAChR, ionotropic nicotinic acetylcholine receptor; mAChR, metabotropic muscarinic acetylcholine receptor; NMDAR, N-methyl-D-aspartate receptor; KCNK, two-poredomain K þ channel; ATP, adenosine triphosphate; NADP, nicotinamide adenine dinucleotide phosphate; WNT, Wingless-related integration site gene product family; Shh, Sonic hedgehog gene product; EGF, epidermal growth factor; aFGF, acidic fibroblast growth factor; bFGF, basic fibroblast growth factor. rsif.royalsocietypublishing.org J. R. Soc. Interface 14: 20170425 channels (figure 6a). Furthermore, charged substances transported across membranes by active (i.e. ATP consuming) ion pumps such as the Na þ /K þ -ATPase have rates that are predicted to be dependent on resting V mem , as shown in figure  6b . In addition, facilitated transporters such as the SERT (predicted rates with various resting V mem shown in figure 6b), the organic cation transporters (OCT3) moving both positively charged serotonin (5HT) or acetylcholine out of the cell (figure 6b), and the divalent metal transporter (DMT1) moving positively charged Fe 2þ and Zn 2þ into cells (figure 6b)
are predicted to have rates, and therefore values of steadystate substance concentrations, to be significantly influenced by resting V mem (figure 6b). Note that consistent with the above modelled ion pump/transporter results, similar V mem -sensitivity has been experimentally reported for the OCT3 transporter [87] , the Na þ /K þ -ATPase pump [83, 123] , the DMT1 transporter [90] and the SERT transporter under conditions of low extracellular Cl 2 and absence of Cl 2 related transporters (consistent conditions for the above model) [84, 124] . These direct relationships between steady-state concentration levels of charged ions/molecules in cells and resting V mem demonstrate how V mem can rapidly (on the scale of seconds to minutes) and directly establish cytosolic and extracellular levels of those charged species and thereby lead to profiles of positional information that are functionally integrated with spatial V mem patterns (figure 6c). Therefore, transmembrane voltage distributions, which can be controlled by numerous available modalities ( pharmacological, genetic, optogenetic, etc.), can be used to manipulate gradients of key biochemical signalling molecules, establishing specific foci or distribution patterns as needed for experimental or therapeutic applications.
V mem controls memory, homeostat and switch network moieties
One of the key properties of many living things is the ability to maintain a pattern memory that enables remodelling to proceed towards a specific (correct) target morphology [3] . This is observed during regeneration of appendages and other organs in models like salamander [125] , as well as during the regulation of embryogenesis to a normal body despite 'cut-and-paste' experiments during early stages of development [126, 127] . Given that bioelectric states are an important driver of patterning, we next sought to explore their robustness properties, their stability to perturbation and their ability to maintain a history of prior state. Owing to the ubiquitous occurrence of various classes of K þ channels in somatic cell systems and their significant role in developmental processes such as size regulation [128] , oncogenic dysmorphias [129] and multi-organ patterning rsif.royalsocietypublishing.org J. R. Soc. Interface 14: 20170425 [130] [131] [132] , we chose to construct and analyse bioelectric network moieties based on different K þ channel arrangements, specifically including a number of channels that have been shown to play important roles in pattern control via functional studies or human channelopathies. As shown in figure 3 , our analysis determined that simple networks involving feedback relationships between V mem , K þ channel state and electrodiffusing gating ligand combinations can create various functional network motifs exhibiting different kinds of behaviour including: V mem set-point shifting (figure 3a), homeostatic control of V mem (figure 3b), selective state switching of V mem (figure 3c) and memory of V mem state ( figure 3d) . Figure 3a shows a straightforward K þ leak channel model (based on the channel KCNK9 [93] ), which is not subject to any additional regulation. Analysis showed that the KCNK9 model exhibits a monotonically increasing and primarily hyperpolarizing voltage clamp curve, virtually no hysteresis and uniform KCNK9 expression on a cell cluster is predicted to uniformly alter V mem of cells to transition a pattern to a hyperpolarized set-point ( figure 3a) . Therefore, the functionality enabled by a leak channel such as the KCNK9 is a simple shift of the resting V mem set-point of a cells to a new value (figure 3a).
A homeostat describes a device that maintains a parameter at a singular value and is capable of resisting change from perturbations. Figure 3b shows a simplified voltage-sensitive K þ channel model, with characteristics based on the steady-state behaviour of a delayed-rectifier channel such as K V 1.5 [76] . The K V 1.5 has a positively charged extracellular protein gate, which due to voltage-sensitive interactions at the membrane, becomes more effective at closing the channel at hyperpolarized V mem . The K V 1.5 model's voltage clamp curve shows no conductivity (closed channel) below a V mem of approximately 240 mV, followed by channel opening and increasing hyperpolarization of V mem with increasing states of V mem depolarization (figure 3b). The forced cycle curve of K V 1.5 shows virtually no hysteresis. Uniform K V 1.5 expression on cells of a cluster is predicted to flatten a V mem pattern to a hyperpolarized value of approximately 240 mV (figure 3b), thereby demonstrating a homeostatic function of the K V 1.5 channel (B). The homeostatic effect of the K V 1.5 channel occurs as the channel has an increased degree of opening at more depolarized V mem , with the effect of hyperpolarizing V mem with channel opening. Experimentally, the K V 1.5 channel has been used to induce defects in brain patterning and eye induction by flattening a physiologically essential V mem gradient to a uniform hyperpolarization [41, 48] , which is consistent with the homeostat functionality implied by our bioelectric network simulations. Figure 3c shows a K þ channel that is blocked by intracellular Mg 2þ in a voltage-sensitive manner [74] to generate a model of steady-state behaviour of the Kir2.1 channel. The voltagesensitivity of the Mg 2þ block means Mg 2þ is more effective at blocking the channel at depolarized voltages [74] . The Kir2.1 model voltage clamp curve shows the expected form for the Kir2.1 channel [133] with depolarization at V mem below 2100 mV, hyperpolarizing between 2100 mV and 220 mV, and no effect on V mem for V mem above 210 mV (figure 3c). The Kir2.1 channel shows virtually no hysteresis, while uniform Kir2.1 expression on cells of a cluster is predicted to increase the contrast of a slight V mem pattern by preferentially hyperpolarizing cells that are more hyperpolarized, while leaving more depolarized cells untouched (figure 3c). Such contrastenhancing functions are an important property for enforcing boundaries between adjacent compartments with distinct V mem , explaining their central role in establishing bioelectrical pre-patterns of diverse organ primordia such as those in the nascent face [40] . The form of the voltage clamp curve for the K-ATP channel model (based on ATP co-regulated channels Kir6.1 and Kir6.2 [134] ) was similar to that of the Kir2.1 model (figure 3d). The forced cycle curve of the K-ATP channel model shows hysteresis, indicating the channel has a memory, such that its present V mem state is influenced by its previous V mem experience (E). The hysteresis and memory of the K-ATP channel model occurs because anionic ATP 42 can, via electrodiffusion, move in the absence of a concentration gradient through GJ from more hyperpolarized to depolarized regions, and ATP 42 inhibits the hyperpolarizing channel to promote V mem depolarization. The uniform expression of K-ATP to a cell cluster is predicted to dramatically increase the V mem contrast and to alter the form of a slight preexisting V mem pattern (E). Experimentally, K-ATP has been implicated in the establishment of sharp V mem boundaries and in the foundation of key bioelectrical pre-patterns, such as those in the developing brain and eye [41, 48] and left-right symmetry [135] . Interestingly, positive feedback between V mem and a charged substance concentration, which may happen in a variety of circumstances including a negatively charged, GJpermeable substance in the cytosol blocking a hyperpolarizing K þ ion channel (figure 3d), establishes a bioelectric memory.
As a function of the P Na mem : P K mem control parameter, the forced cycle curve exposes a bioelectric memory for this network configuration, as the forwards and reverse paths are not equivalent, but form a classical hysteresis loop (figure 3d). The area of the loop is indicative of the degree of memory in the system. Note that the hysteresis implicit in the flexible V mem memory dynamics is independent of initial state: if the initial V mem of the cell is depolarized, sufficiently strong hyperpolarization will result in a memory of the hyperpolarization, where subsequent strong depolarizations will erase the memory and return V mem to its original value. These results help to understand an otherwise extremely puzzling phenomenon: the ability of tissues to represent specific target morphologies for regenerative outcomes that can be edited or re-written, as has been observed in deer antlers, crab claws and planarian headtail patterning (reviewed in [136] ). They also reveal a simple network that can be exploited in synthetic biology applications for implementing state in bioengineered constructs.
While set-point shifting, homeostatic state control, stateswitching and memory functions are shown here with respect to various specific K þ channel examples, it is notable that there are several alternative bioelectric configurations that can exhibit these same functions. As V mem is indicated to influence the steady-state concentration of ionic substances inside and outside of cells (figure 6), the fact that charged substances can also act as gating ligands (table 1) establishes conditions for simple feedbacks to be created between V mem and the intra-or extracellular concentrations of charged substances. These feedback relationships give each network motif a characteristic functionality and can be thought of as meta-structure elements similar to the electronic components on a circuit board. Feedback loops are known to be a key component of amplification and stabilization in complex systems, and are likely to underlie memory and homeostatic properties. These intrinsic dynamics for bioelectric circuits enable evolution to select from a wide range of electrogenic gene products (e.g. protein-based ion pumps and channels) and ligands, implementing functionality as needed for the robust patterning observed during development and regeneration.
Gap junctions enable scale-free spontaneous regeneration of instructive V mem gradients
We next sought to illustrate the power of BIGR networks by producing a quantitative, constructive model of planarianlike regeneration, a model system whose remarkably robust regenerative behaviour has challenged scientists for over 120 years [102, 104, 137] . One of the key properties of planarian flatworms is that when cut, each piece produces exactly what is missing at each wound edge. It rescales and maintains its normal anterior-posterior polarity. Some diffusion-based models have been produced [62, 63, 138] , and recent data showed the importance of bioelectrics for this process by producing double-headed or no-headed (i.e. double-tailed) worms [38, 42, 139] by manipulating the V mem gradients and the GJ connectivity within the fragment. Nevertheless, the ability for the two wounds on either side of a single bisection to make radically different structures-a head and a tail-is still largely a mystery, as the two regions of the wound shared the same positional information values prior to the bisection. To move beyond the current state of the art requires a model that both explains the large scale (logic) of the algorithm that provides this kind of robust re-patterning. For this reason, we constructed a generalized spatialized model that manifests the required capabilities while requiring only a low-level axial gradient of a single network substance concentration. A much more complete version of a planariaspecific model will be presented in a forthcoming paper. Here our goal is to illustrate the principles of bioelectrics and the new modelling environment via a minimal model that shows the dynamics sufficient to implement the observed regenerative properties. We have described V mem as an instructive signal with the ability to alter regulatory network state by influencing the steady-state concentrations of charged substances via transmembrane passage rates (figures 6 and 2). However, for multicellular networks where cells are coupled via GJs, the influence of V mem extends beyond the plasma membrane to a spatial dimension, such that charged substances can be drawn through the cell network by V mem gradients between cells (figure 4b). We demonstrate the effect of these abilities for V mem to influence concentrations, and thereby dramatically change regulatory network state, using the BIGR network designed to describe simple aspects of bioelectrical signalling in planaria (figure 4a) running on an elliptical cell collective. In this model, a patch of depolarized V mem at the far right of the elliptical cell cluster establishes conditions to create distinct patterns of gene expression, which are directly correlated to the V mem pattern in the collective ( figure 4) .
The BIGR network designed to describe integrated bioelectrical signalling and gene expression in planaria regeneration (figure 4a) is not simply instructive of downstream genetic outcomes, but shows advanced dynamics allowing the cell collective to spontaneously form and reform the instructive depolarized V mem region at one end. In a full model, the network spontaneously forms a depolarized V mem region at the far right of the elliptical cluster (figure 4c) that coincides with key regulatory substances instructive for the formation of a head ( figure 4d,e) . The system works on the basis of a built-in ion channel expression gradient along the anterior-posterior axis of the elliptical model (figure 4b) leading to the formation of a low-level V mem gradient along the long axis of the model. This low-level fixed V mem gradient leads to electrodiffusive passage of anionic substance 'A' along the long axis-an experimentally confirmed phenomenon that is critically dependent on functional GJ [140] [141] [142] [143] . In turn, the anion 'A' activates production of substance 'B', which inhibits a K þ ion channel (figure 4a). Therefore, as 'A' moves through the cell collective, it significantly amplifies the V mem gradient along the long axis, leading to positive feedback with more 'A' being electrophoretically drawn to the anterior pole, ultimately forming a region of strong depolarization and high 'A' and 'B' concentrations at the far left (figure 4c-e). When the model is cut anywhere along its long axis, the dynamics of the system work in the same manner described above to recreate depolarized V mem regions with the original polarity in each remaining fragment (figure 4c-e). In addition, the dynamics of cell clusters running the BIGR network in figure 4a are independent of model scale, with models demonstrating the ability to capture the exact same behaviour for the same BIGR network and the same model parameters for a very wide range of sizes (figure 7a). Moreover, blocking GJs after cutting is predicted to produce the expected double-headed phenotpye, as blocked GJs inhibit the electrodiffusive transport of anionic substance 'A', leading to growth of substance 'A' to its equilibrium level and uniform growth of substance 'B' across each fragment (figure 7b). The electronic supplementary material, S1, outlines further details of this model.
3.4.
Ion channels gated by electrodiffusing ligands identified as fundamental mechanism for stable V mem pattern generation
In searching for realistic bioelectrical networks with the capacity to generate stable patterns of V mem and correlated concentrations of signalling molecules, we identified electrodiffusing charged molecules that directly gate ion channels as a system with clear patterning capacity (figure 5). The BIGR network shown in figure 5a predicts that GJ-mediated intercellular electrodiffusion of an anionic substance 'A' will spontaneously occur from areas of hyperpolarized to depolarized V mem . However, substance 'A' also inhibits the activity of a K þ channel, generating depolarized V mem in regions where substance 'A' accumulates, thereby establishing a positive feedback between substance 'A' and V mem (figure 5a). In the BIGR network shown in figure 5a , a cationic substance 'B' is included to illustrate the spontaneous concentration pattern evolving for a GJ permeable cationic substance electrodiffusing in the cell network, although 'B' does not participate in any regulation or reaction dynamics (figure 5a). figure 5 . Thus, from these results, we conclude that BIGR networks can lead to the spontaneous emergence of complex physiological patterns within tissuesan important capability for understanding the ubiquitous increase of order during embryogenesis and regeneration where instructive V mem patterns have been experimentally observed [39, 41, 48] . , and what might be convenient control points at which such systems could be efficiently manipulated to produce desired patterning outcomes (guided self-assembly). We demonstrate that stable patterns of positional information (and subsequent patterning outcomes) can be edited solely by altering bioelectric signals without changing gene expression directly. Our BIGR network models illustrate precisely how the physiological layer of pattern control has its own intrinsic dynamics that are not reducible to mRNA or protein profiles.
Discussion
Our in silico simulations indicate that the influence of V mem in regulatory networks can occur independently of transcriptional or translational changes. The interesting recent work of Cervera et al. [66] proposes a feedback relationship to exist as a (non-specified) relationship between V mem and genetic expression of ion channels, which leads to changes in ion channel expression and membrane permeability with associated changes in V mem . Our models predict straightforward, direct and specific means through which V mem can alter gene or reaction regulatory network state, such as the capability for V mem to alter transmembrane passage rates of charged substances (figure 6), thereby influencing the steady-state concentration profiles of regulatory molecules to shift entire network states into concentration and gene expression patterns which are functionally integrated with the V mem patterns arising in the cell network (figures 4 and 5). Additionally, we predict that BIGR network models can generate direct feedbacks between V mem and substances of the network, which develop specific functionalities such as the ability to write flexible V mem memory, and homeostatic control of V mem state against perturbation ( figure 3) . Feedback between V mem state and key molecular-genetic regulators has been Figure 7 . The spontaneous regeneration of instructive V mem gradients occurs independent of model size, but is dependent on functional GJs. The BIGR network designed to describe integrated bioelectrical signalling and gene expression in planaria regeneration can spontaneously reform V mem , and 'A' and 'B' concentration gradients in each fragment of a cut model for all model sizes examined, and is therefore predicted to be a scale-free model (a). Blocking GJ after cutting inhibits the electrodiffusive transport of anionic substance 'A', leading to growth of substance 'A' to its equilibrium level and uniform growth of substance 'B' across each fragment, which predicts the expected anatomical outcome of two heads with GJ blocking (b).
observed with Pax6 in eye development [48] and Notch in brain patterning [41] . We further indicate how electrodiffusive passage of substances through the GJ coupled cell network enables the spontaneous emergence of instructive V mem gradients, which regenerate with the original polarity in each fragment of a cut model (figure 4). These emergent models work as GJ create intercellular coupling between cells, so that the influence of V mem can extend beyond individual plasma membranes to affect the cell collective as a whole, spontaneously creating concentration gradients and more complex patterns from homogeneous initial states (figures 4 and 5). Furthermore, V mem gradients may supply a directional transport impetus that is virtually independent of scale (figure 7), making electrodiffusive transport of charged morphogenic substances a phenomenon that enables, or at least simplifies, mechanisms involved in the regeneration of key anatomical axes upon serious perturbation. Notably, a model proposing the electrophoresis of a large (200-400 kDa), electronegative protein (pI 5 at pH 7.0) produced in the head and inhibiting head regeneration was proposed nearly 40 years ago by Lange et al. [64] to explain polarity control in planaria; however, the identity of this large, negative protein has never been determined.
Given their importance in the control of gene expression and anatomical change, how can the dynamics of bioelectric networks be rationally modulated? As values of V mem are predicted to be a key instructive factor in the behaviour of BIGR networks, the ability to practically manipulate V mem is very important. While there are several ways to control resting V mem , including by altering activities of expressed ion pumps and transporters, and by manipulating any expressed chloride channels, the P Na mem : P K mem is a clear target for resting V mem manipulations, which applies to most cell types. The P Na mem : P K mem is a general predictor of resting V mem as most eukaryotic cells have an enzymatic Na þ /K þ -ATPase ion pump [78] . Our analyses predict that manipulation of P Na mem : P K mem is a powerful therapeutic strategy (indeed, the importance of the sodium : potassium ratio has long been known as an important factor in cancer induction [144, 145] ). Voltage-gated channels with considerable conductivity at typical cell resting potentials, including inward-rectifying K þ channels (Kir) and channels from the HCN family, may also serve as effective targets for somatic bioelectrical manipulations [146, 147] . Notably, the above listing focuses on channels capable of modifying the P Na mem : P K mem ratio; however, V mem manipulations can be achieved through a wide range of additional means, including pharmaceutically induced modifications to chloride channels and alterations of ion pump and other transporter rates. Furthermore, an ever-increasing toolkit of optogenetic [32] , magnetogenetic [148] and microfluidic [149] reagents are becoming available for modulating bioelectric state in vivo and in vitro.
Modelling bioelectricity in somatic cell networks is an emerging field of study that is also being considered by other researchers, who have revealed important characteristics of GJ-coupled cell networks and the role of biochemical interventions [66, 150, 151] . A primary difference of our BETSE modelling platform is that instead of an equivalent circuit model of bioelectricity, we determine bioelectrical states and signals in terms of the more fundamental substance concentrations inside and outside of cells [65] . By describing bioelectricity in terms of fundamental substance concentrations and fluxes, the full capabilities of reaction (electro)diffusion and GRN are embedded into our models. This intimately links bioelectrical and biochemical states, provides a clear connection to experimentally accessible variables, and allows for a realistic depiction of ion pumps, channels and a variety of transmembrane transporters such as SERT and DMT1. Thus, the BETSE platform complements existing equivalent circuit models of bioelectricity which simplify the bioelectrical system using adaptations to electrical circuit formula [66] , and therefore do not directly consider electrodiffusive transport of ions and other substances through multiple routes of a heterogeneous cell network, nor allow for the inclusion of complex regulatory networks (which are all capabilities of our existing BETSE platform). There are, however, several limitations with our current approach, which will be improved with future developments of our modelling platform. For example, cell proliferation is a major component of pattern formation in developing and regenerating biological systems; subsequent versions of the BETSE environment will enable simulation of proliferative growth and apoptosis, and will allow users to explore the role of mechanical movements of cells and tissues in the development of pattern.
In future work, additional enhancements are planned to facilitate automated discovery of networks with desired patterning behaviour (to assist in synthetic bioengineering applications), to quantify evolvability of networks with specific patterning properties, and quantify and visualize high-level control metrics like integrated information [152] . Most importantly, we are currently building detailed models of specific patterning contexts, including planarian regeneration, cancer progression and craniofacial patterning during development. The quantitative analysis of their BETSE networks will enable better prediction and control of real biological systems, and may facilitate novel interventions in regenerative medicine [40, 51] . Moreover, analysis of these first fully specified, generative models will help reveal new aspects of self-organization and global dynamics that characterize the remarkably powerful interplay of genetic and biophysical signalling.
Data accessibility.
Fully open code and documentation for the BETSE software program are available from the online repository: https://gitlab. com/betse/betse. The BETSE software will run the model files supplied in the electronic supplementary material and exploration of user-defined BIGR network models.
